Prediction of crude protein and oil content of soybeans using Raman spectroscopy  by Lee, Hoonsoo et al.
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a  b  s  t  r  a  c  t
While  conventional  chemical  analysis  methods  for  food  nutrients  require  time-consuming,  labor-
intensive,  and  invasive  pretreatment  procedures,  Raman  spectroscopy  can  be used to measure  a variety
of food  components  rapidly  and non-destructively  without  supervision  from  experts  once  the instrument
has been  calibrated.  The  purpose  of  this  study  was  to  develop  an  optimal  prediction  model  for  determin-
ing  the  protein  and  oil  contents  of soybeans  using  a dispersive  Raman  spectroscopy  method.  In general,
the  crude  oil  content  of  soybeans  is  chemically  determined  using  the  Soxhlet  extraction  method,  while
the  semimicro-Kjeldahl  method  and an  auto protein  analyzer  have  been  used  to  assess  crude  protein
content.  In  the present  study,  Raman  spectra  were  measured  in the  200–1800  cm−1 wavenumber  range
and  partial  least squares  (PLS)  analysis  methods  were  used  to develop  optimal  models  for predicting  theoybean
artial least squares analysis
crude  protein  and  oil  contents  of  soybeans.  The  resultant  PLS  models  that  used  the effective  wavenumber
regions  determined  by intermediate  PLS  (iPLS)  method  were  better  than those  models  developed  using
the  entire  wavenumber  range  under  investigation.  The  R2p and  SEP  of  the optimal  PLS model  for  crude
protein  content  were  0.916  and  0.636%,  respectively.  Likewise,  the  R2p and  SEP  for crude  oil content  were
0.872  and 0.759%,  respectively.  The  result  suggests  that the  conventional  Raman  techniques  investigated
in  this  study  can be applied  to the  prediction  of soybean  crude  protein  and  oil  content.
© 201  . Introduction
In 2011, approximately 261 million tons of soybeans were pro-
uced worldwide. This represents approximately 10.1% of the total
ereal production in 2010 [1]. Soybeans are an important food
ource for humans and animals and contain considerably more
rotein and oil than many other crops [2]. The protein and oil con-
ent of soybeans are considered to be important quality indicators
nd are announced immediately before packaging and distribu-
ion. Thus, the classiﬁcation of soybeans could lead consumers
o selectively take nutritionally high valued diets. Kjeldahl and
oxhlet extraction methods are widely used as standard methods of
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measuring the crude protein and oil content of crops. How-
ever, these methods have several disadvantages, as they are
time-consuming, labor-intensive, and destructive procedures that
hamper the fast and economical quality evaluation of mass-
produced soybeans. Therefore, the demand for rapid, robust, and
nondestructive measurement methods for the main nutrient com-
ponents of crops, such as the protein, oil, carbohydrate, water, and
ash content of soybeans has recently increased.
Since the 1970s, near infrared reﬂectance spectroscopy has been
widely used to measure the quality of agriculture and food materi-
als. This noninvasive spectroscopic technique can rapidly provide
physical and chemical information about specimens. Near infrared
diffuse reﬂectance spectroscopy and near infrared transmittance
spectroscopy have been used to predict the fatty acid composition
of soybeans [3,4]. Baye et al. used near-infrared spectroscopy to
Open access under CC BY-NC-ND license.predict maize seed composition [5] and Choung et al. employed
near infrared reﬂectance spectroscopy to determine the protein
and oil content of soybeans [6]. However, combination and over-
tone absorption bands in the near infrared region that are caused
cense. 
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y O H, C H, and N H functional groups result in broad overlap-
ing spectra and the sensitivity of these techniques is limited to
pproximately 0.1% for trace components. Hence, a novel technique
s necessary to improve accuracy and precision. As an alternative,
aman spectroscopy technique has emerged as a novel technology
hat could compensate for the disadvantage of NIR spectroscopy
uch as low sensitivity for minor components, providing high accu-
acy and precision [7]. Unlike near infrared spectroscopy, Raman
pectroscopy provides detailed information about molecular vibra-
ions. Extremely high sensitivity has been demonstrated for Raman
pectroscopy in various ﬁelds [8]. This method involves the analysis
f Raman scattering, which is observed in samples when they are
lluminated by a strong light source. There are two  types of Raman
pectroscopy techniques that are of interest for the evaluation of
gricultural commodities. One is dispersive Raman spectroscopy
nd the other is Fourier-transform (FT) Raman spectroscopy. Dis-
ersive Raman spectroscopy typically uses various visible lasers,
uch as 473 nm,  532 nm and 633 nm lasers, and 785 nm near
nfrared (NIR) laser. In contrast, FT-Raman spectroscopy has used
024 nm laser generally to minimize strong ﬂuorescence signal
rom agro-product [9], preventing it from directly measuring the
utrient content of agricultural products. For this reason, many
esearchers have turned to interferometer-based NIR FT-Raman
ystems that cause less ﬂuorescence for agriculture products than
he dispersive Raman systems. The NIR FT-Raman spectroscopy has
een used to predict the protein and apparent amylose contents of
ice, determine milk fat content, monitor and quantify ethyl esters
n soybean oil, and distinguish between oil and fat [10–13]. How-
ver, the large size of FT-Raman system due to interferometer is
ot suitable for recent demands on compact Raman system in the
eld of agriculture.
To construct a compact Raman system which satisﬁes high sen-
itivity and low ﬂuorescence emission, the strong ﬂuorescence
ignal must be removed from conventional Raman data, particu-
arly for dispersive Raman system. Recently, various mathematical
ethods, such as wavelet transformation, Fourier transforma-
ion, and polynomial ﬁtting, have been developed to banish the
trong ﬂuorescence background signal caused by dispersive Raman
pectroscopy [14]. Among the algorithms, the polynomial ﬁtting
ethod is popular because of its rapid and simple nature [15].
his method has been applied to dispersive Raman spectroscopy
t 785 nm laser in order to detect lycopene changes in tomatoes
9].
As dispersive Raman data is available by reducing the ﬂuores-
ence, the objective of this study is to develop an optimal prediction
odel for determining the protein and oil content of soybeans using
ata sets obtained by dispersive Raman spectroscopy. We  aim at
sing PLS algorithm to use Raman spectra processed by polyno-
ial ﬁtting method in determination of the optimal model. Because
igh ﬂuorescence limited the use of dispersive Raman system at
he expense of high sensitivity, this study is to invent a customized
athematical method available for Raman spectra so that Raman
pectroscopy can be applied to inspect and obtain accurate infor-
ation for a speciﬁc agricultural product.
. Materials and methods
.1. Samples and reference analysis
A total of 45 types of soybean sample were purchased from retail
tores and 50 types of soybeans were provided by the National
nstitute of Crop Science in Korea. Of all sample, the color of twenty-
ve samples were black and remain seventy samples were yellow.
he average and standard deviation of the diameter of soybeans
sed in this experiment were 0.72 cm and 0.12 cm,  respectively.rs B 185 (2013) 694– 700 695
Table 1 illustrates indicate In addition, the range of moisture con-
tent in soybean was between 6.13% and 13.44% (Table 1). Each
sample was milled using a grain grinder and passed through a 250-
m-mesh sieve. Sieved samples were stored in plastic bottles and
spectra were obtained using Raman spectroscopy. Crude protein
was determined using the semimicro-Kjeldahl method and an auto
protein analyzer (Kjeltec 2400 auto-analyzer, Hillerød, Denmark).
The ground soybean sample was  weighed 1 g accurately and nitro-
gen to protein conversion factor of 5.71 was  used. In order to obtain
crude oil content in soybean, weighted 1 g sample were put a dish
and were dried during 2 h at 105 ◦C using drying oven. Then, crude
oil content was determined by extraction using diethyl ether and a
Soxhlet extractor (Soxtec System HT 1043 extraction unit, Höganäs,
Sweden).
2.2. Raman spectroscopy
A 400-mW diode laser with a light source at 785 nm was used for
all Raman measurements. The Raman system (Kaiser Optical Sys-
tems, Ann Arbor, MI)  consisted of a charge-coupled device (CCD)
detector and a holographic transmission grating. The spectral range
was set to 200 cm−1–1800 cm−1 in 0.3 cm−1 intervals and the laser
point diameter was set to 3 mm.  The same amount of each sam-
ple (2 g) was placed in a standard 96-hole wall plate and the plate
moved automatically to align each sample with the Raman system
prior to each measurement. For each sample, the spectrum mea-
surement with 1-s exposure time was  repeated 64 times for each
sample and then the average spectrum was used for a representa-
tive spectrum for each sample.
2.3. Data analysis
The Raman scattering signal was  generated by using a strong
laser light source. Biological materials, such as agricultural
products, may  emit strong ﬂuorescence signals that mask the
characteristic Raman scattering signal. This problem has been con-
sidered to be a challenge for Raman spectroscopy [9]. In the present
study, a widely used polynomial ﬁtting method was employed
to analyze Raman spectrum data and to correct for ﬂuorescence
because this method is efﬁcient and simple [15]. Polynomial ﬁtting
involves determining the proper order polynomial for obtaining
a baseline through iterative calculation. Various order of polyno-
mial such as 4th, 5th, 8th, 12th, and 16th was  test for ﬁtting the
spectrum data based on the previous studies that used 5th order
polynomial for soybeans [7] and 8th order polynomial equation for
lycopene in tomatoes [9]. Finally, a 16th order polynomial equation
and the 100th iteration were employed to create the ﬂuorescence
correction baseline because of its best prediction than any other
polynomials.
The corrected Raman spectra were further subjected to 8
preprocessing methods, including smoothing, mean normaliza-
tion, maximum normalization, range normalization, multiplica-
tive scatter correction (MSC), standard normal variate (SNV),
Savitzky–Golay 1st derivative, and Savitzky–Golay 2nd derivative
methods. The preprocessed spectra were used to develop an opti-
mal  partial least squares (PLS) model described below for prediction
of the protein and oil content of soybeans.
2.4. Partial least squares (PLS) analysis
PLS was the main algorithm used to obtain the prediction mod-
els for the crude protein and oil content of soybeans. PLS is a
multivariate analysis method that extracts new latent variables
from raw spectra. It can compress the large amount of spectral
data into a new structure known as latent variables or factors and
these latent variables are able to describe the maximum covariance
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Table 1
Reference values for soybean sample components.
Components Data set Mean (%) Standard deviation (%) Minimum (%) Maximum (%)
Crude protein Calibration 34.10 2.17 30.24 40.34
Validation 34.19 2.44 30.30 41.21
Crude  oil Calibration 14.42 2.07 9.97 18.21
Validation 14.45 2.08 9.83 18.62
Moisture Entire data 9.19 2.03 6.13 13.44
Crude  ash 5.24 0.50 4.26 6.27
Carbohydrate 37.54 1.89 33.21 44.92
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onstitution in soybean, were considered as the oil in this study.
etween reference oil value and the spectral data [16]. Equations
f PLS method are as follows.
 = TPT + E (1)
 = UCT + F (2)
 = TB + G (B = (TTT)−1TTU) (3)
here X, and Y are spectra data, and protein and oil content in
oybean, respectively. The T and U are score matrices projected
n linear combinations and the P and C are loadings matrices. The
atrices of E and F represent error matrices for X and Y data. After
pplying PCA at X and Y matrices like [Eqs. (1) and (2)], construct
nner relation between spectra data and protein and oil content by
sing least squares [Eq. (3)] [17].
The calibration and validation data sets were created by sor-
ing the samples in the order of protein and oil content so that
he data sets had a similar distribution of protein and oil content.
or instance, ﬁrst reference values of entire protein and oil content
ere extracted as validation data sets, while the second and third
eference values were then selected as calibration data set. With
his way, the calibration and validation data sets were extracted
or entire reference data. As a results, the soybean ﬂour samples
ere separated into a calibration data set (n = 65) and a validation
ata set (n = 30).
Cross validation was used to select the optimum number of
egression factors and to avoid overﬁtting [18]. Detail theory of full
ross validation is described in elsewhere [19]. The minimum root
ean square error of validation (RMSEV) is given by the expression.
MSEV =
√∑n
i=1(yv − yref)
2
n
(4)
here yv and yref are the estimated value for developed PLS model
nd reference value by standard methods, respectively, n is the
umber of spectrum [20].
Previously researchers have been reported that selected spectral
egions are able to improve the performance of developed model
sing entire spectra range. In this study, In order to ﬁnd an effective
avenumber regions contributed to the performance improve-
ent for calibration model, the intermediate PLS (iPLS) method
escribed by Norgaard et al. [21] was used. Wavenumbers between
00 cm−1 and 1800 cm−1 were divided into 32 sections in 50 cm−1
ntervals and PLS results for individual wavenumber regions were
btained. Regions with the RMSEV that were lower than the aver-
ge of the entire subinterval were selected as effective wavenumber
egions. The selected effective wavenumber regions were the main
ource for developing the optimal PLS model. Removal of the ﬂu-
rescence baseline, pre-processing, iPLS, and PLS analyses were
erformed using PLS toolbox in MATLAB (version 2009a, Math-
orks, Natick, MA,  USA). unsaponifable matter (1.3–1.6%) [5]. The triacylglycerol and phospholipids, major
3. Results and discussion
3.1. Reference and spectral analysis
Table 1 shows the reference values used for developing the opti-
mal  model for determining the oil and protein content of soybean
ﬂour. The mean oil contents of calibration and validation data sets
were 14.42% and 14.45%, respectively, similar to the general oil
contents of Korean soybean [22]. The standard deviation, minimum,
and maximum values for oil were similar between the calibration
and validation data sets. Protein ranges of the calibration and vali-
dation data sets were 30.24–40.34% and 30.3–41.21%, respectively.
Fig. 1A shows the original Raman spectra from 95 soybean ﬂour
samples. There was  a large intensity variation due to the ﬂuores-
cence background. A 16th-order polynomial equation was used
to remove the ﬂuorescence signal from the original soybean ﬂour
Raman signals. Fig. 1B contains the same spectra after removal of
the ﬂuorescence signal, clearly displaying the main peaks unlike in
Fig. 1A. These peaks represent the various constituents of soybeans.
Previous studies indicate that glutamic acid and phenylalanine are
major amino acids, accounting for approximately 18% and 5% of
soybean crude protein content [23]. The Raman peaks at 1003 cm−1,
1517 cm−1, and 1605 cm−1 are consistent with the peaks for glu-
tamic acid and phenylalanine reported by Zhu et al. [24]. In addition,
peaks at 1078 cm−1 and 1124 cm−1 were affected by miscellaneous
skeletal structures such as C C, C N, and C O [8], and the peak at
1657 cm−1 was associated with amide I bonds [25]. The peaks at
1264, 1303, 1445, and 1745 cm−1 were related to the oil content of
the samples and agree with those reported in previous Raman spec-
tra studies [11–13,24]. These peaks were associated with double
bonds in fatty acid molecules [11].
3.2. PLS calibration models for soybean protein content
The advantages of removing the ﬂuorescence baseline from the
original Raman scatter signals include improvement of prediction
performance by the PLS model and identiﬁcation of unique charac-
teristics of the Raman peaks. To conﬁrm this, PLS results of original
Raman spectra and Raman spectra modiﬁed by removal of the
ﬂuorescence signal are compared (Table 2). The R2p and standard
error of prediction (SEP) of modiﬁed Raman spectra were 0.870%
and 0.770%, respectively, resulting that the modiﬁed Raman spec-
tra yielded better PLS results than the original spectra. This result
demonstrates that the ﬂuorescence signal inﬂuences the perfor-
mance of the PLS model, which proves the enhanced predictive
performance with the modiﬁed Raman spectra. Therefore, the spec-
tra modiﬁed using a 16th-order polynomial equation was used to
develop a PLS model for determination of soybean protein.When developing a PLS model, it is important to determine the
effective spectral ranges and number of PLS factors [26]. In the
present study, spectral ranges and effective wavenumber regions
were selected using iPLS algorithms by comparing the RMSEV, and
H. Lee et al. / Sensors and Actuators B 185 (2013) 694– 700 697
Fig. 1. Original Raman spectra (a) and Raman spectra modiﬁed by removal of the ﬂuorescence signal using a polynomial equation (b) for 95 soybean ﬂour samples.
Table 2
Comparison of PLS models for estimation of protein constructed using original Raman spectra and Raman spectra modiﬁed by removal of the ﬂuorescence signal.
Spectra R2c SEC (%) Factors R
2
p SEP(%) Bias
10 
6 
t
e
w
i
r
b
t
a
e
e
r
4
1
1
a
F
t
r
v
wOriginal 0.909 0.662
Modiﬁed 0.915 0.684 
he minimum RMSEV value was used to determine the number of
ffective factors for PLS model. The Raman spectra in this study
ere divided into 32 equal intervals, each approximately 50 cm−1
ntervals.
Fig. 2 shows the results of selection of effective wavenumber
egion using the RMSEV values for protein. Effective wavenum-
er regions were those with RMSEV values that were lower
han the average RMSEV value for the entire range. The aver-
ge RMSEV value was 1.57% for protein and there were 8
ffective wavenumber regions. The R2 values for the selected
ffective wavenumber regions were higher than those of other
egions. The selected effective wavenumber regions were:
50 cm−1–500 cm−1, 600 cm−1–650 cm−1, 950 cm−1–1050 cm−1,
150 cm−1–1200 cm−1, 1350 cm−1–1450 cm−1, and
650 cm−1–1700 cm−1. These regions include 1003, 1124, 1303,
nd 1657 cm−1 and are in good accord with regions of interest in
ig. 1B.
Table 3 shows the results of PLS models for prediction of pro-
ein. Use of the entire wavenumber range containing 8 PLS factors
esulted in a maximum of R2p value of 0.918 and a minimum SEP
alue of 0.633% for the PLS model preprocessed using SNV. Then,
e constructed PLS models using effective wavenumber regions
Fig. 2. Effective wavenumber region selection using RMSEV for protein.0.740 1.408 −0.021
0.870 0.770 −0.094
selected by the iPLS algorithm, and they were comparable to those
of PLS models developed using the entire wavenumber range. The
highest R2p (0.916) and the lowest SEP (0.636%) value were obtained
for this PLS models which is also preprocessed using SNV. In addi-
tion, the number of PLS factors for model applied SNV method was
the same either for models constructed using effective wavenum-
ber regions or those built by using the entire wavenumber range.
These results suggest that optimal PLS models for detection of pro-
tein in soybeans can be constructed using effective wavenumber
regions based on RMSEV.
The optimum number of PLS factors was  determined by select-
ing the model with the minimum RMSEV value. Fig. 3 shows the
RMSEV values for model developed using the effective wavenum-
ber regions that contain 1–20 PLS factors. The minimum RMSEV
value results from the 8-factor PLS model, and increases with addi-
tional PLS factors, demonstrating that the optimal number of PLS
factors was 8. The protein content predicted by the optimal PLS
model and the measured protein values for the soybean samples
are shown in Fig. 4. Both calibration and prediction data sets were
strongly correlated with measured values, indicating predictability
of the developed 8-factor PLS model for the protein contents.
Fig. 3. The root mean square error of validation for each number of partial least
squares factors added to a model for prediction of soybean protein content.
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Table 3
Results of PLS models constructed to estimate the protein content of soybeans, presented by wavenumber range of Raman spectra.
Wavenumber (cm−1) Preprocessing R2c SEC (%) Factors R
2
p SEP (%) Bias
200–1800 Smoothing 0.949 0.528 8 0.892 0.704 −0.074
Mean normalization 0.984 0.292 10 0.899 0.697 −0.064
Maximum normalization 0.952 0.512 7 0.859 0.803 −0.005
Range normalization 0.952 0.512 7 0.859 0.803 −0.005
MSC  0.979 0.341 9 0.880 0.742 0.001
SNV  0.973 0.389 8 0.918 0.633 0.022
Savitzky Golay 1st 0.999 0.091 8 0.904 0.704 −0.085
Savitzky Golay 2nd 0.996 0.148 6 0.760 1.174 −0.040
Raw  0.950 0.525 8 0.892 0.704 −0.074
Effective wavenumber regions
based on RMSEV
Smoothing 0.990 0.241 13 0.842 0.855 −0.018
Mean normalization 0.988 0.252 12 0.895 0.697 0.071
Maximum normalization 0.948 0.536 7 0.857 0.819 0.048
Range normalization 0.953 0.507 8 0.845 0.845 0.024
MSC  0.977 0.360 10 0.842 0.860 0.851
SNV  0.959 0.474 8 0.916 0.636 0.047
Savitzky Golay 1st 0.975 0.373 5 0.880 0.742 −0.203
Savitzky Golay 2nd 0.937 0.591 4 0.676 1.216 −0.441
Raw  0.990 0.235 13 0.841 0.859 −0.024
Table 4
Comparison PLS models constructed to estimate the oil content of soybeans using original Raman spectra and Raman spectra modiﬁed by removal of the ﬂuorescence signal.
Spectra R2c SEC (%) Factors R
2
p SEP (%) Bias
10 
5 
3
t
r
P
t
u
u
o
b
w
m
T
v
l
F
sOriginal 0.794 0.945 
Modiﬁed 0.816 0.895 
.3. PLS calibration models for soybean oil content
The results of the PLS model for prediction of crude oil con-
ent using original Raman spectra and Raman spectra modiﬁed by
emoval of the ﬂuorescence signal are shown Table 4. The R2p of the
LS model constructed using original Raman spectra was lower, and
he SEP value was  higher than those of the PLS model constructed
sing modiﬁed Raman spectra. Therefore, Raman spectra modiﬁed
sing a 16th-order polynomial equation were used to develop an
ptimum PLS model for determining the crude oil content of soy-
eans. The same iPLS algorithm and approach in previous section
ere used to select the effective wavenumber regions for crude oil
odel development.
Fig. 5 illustrates the RMSEV value for each wavenumber region.he average RMSEV value was 1.61% and 17 regions with RMSEV
alues were below the average with relatively high R2 values. The
owest RMSEV value was observed at the effective region between
ig. 4. Scatter plot of soybean protein values predicted using an optimal partial least
quares model of Raman spectra and measured soybean protein values.0.698 1.202 0.007
0.820 0.903 −0.041
1300 cm−1 and 1350 cm−1. Of the 17 selected effective regions,
1400 cm−1–1450 cm−1 and 1250 cm−1–1350 cm−1 are consistent
with the region that indicates the presence of double bonds in fatty
acid molecules (Fig. 1B).
The resultant PLS models that were constructed to predict the
oil content of soybeans are presented in Table 5. When the entire
wavenumber range was  used, the best models resulted in an R2p of
0.835 and SEP of 0.865%, and were constructed using maximum
normalization and range normalization preprocessing methods.
Only with the effective wavenumber ranges, the best model devel-
oped using MSC  preprocessing exhibited an R2p of 0.872 and SEP
of 0.759%. The better results were obtained with the use of effec-
tive wavenumber ranges that the entire range when developing
the model. Therefore, the optimal PLS models were achievable with
effective wavenumber regions selected based on RMSEV values to
determine soybean oil content.
The RMSEV value greatly decreased with the addition of the
5th PLS factor, but the RMSEV values again increased with the
addition of the 6th PLS factor (Fig. 6). Because the minimum RMSEV
Fig. 5. Effective wavenumber region selection using RMSEV for oil.
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Table 5
Results of PLS models constructed to estimate the oil content of soybeans, presented by wavenumber range of Raman spectra.
Wavenumber (cm−1) Preprocessing R2c SEC (%) Factors R
2
p SEP (%) Bias
200–1800 Smoothing 0.795 0.943 4 0.799 0.965 −0.001
Mean  normalization 0.796 0.942 5 0.830 0.879 0.019
Maximum normalization 0.801 0.928 6 0.835 0.865 0.024
Range normalization 0.801 0.928 6 0.835 0.865 0.024
MSC  0.788 0.959 5 0.828 0.879 −0.022
SNV  0.764 1.013 4 0.827 0.899 0.048
Savitzky Golay 1st 0.962 0.404 5 0.810 0.954 0.034
Savitzky Golay 2nd 0.959 0.423 3 0.688 1.222 0.205
Raw  0.795 0.942 4 0.798 0.966 −0.001
Effective wavenumber region
based on RMSEV
Smoothing 0.775 0.989 3 0.767 1.041 −0.006
Mean normalization 0.947 0.478 11 0.801 0.946 0.166
Maximum normalization 0.936 0.526 11 0.863 0.787 0.184
Range normalization 0.766 1.009 5 0.817 0.922 0.013
MSC  0.916 0.604 9 0.872 0.759 0.174
SNV  0.783 0.970 5 0.831 0.875 0.031
Savitzky Golay 1st 0.949 0.472 5 0.846 0.866 0.041
Savitzky Golay 2nd 0.782 
Raw  0.775 
Fig. 6. The RMSEV for each number of partial least squares factors added to a model
for prediction of soybean oil content.
Fig. 7. Scatter plot of soybean oil values predicted using an optimal partial least
squares model of Raman spectra and measured soybean oil values.0.972 2 0.682 1.225 0.258
0.988 3 0.767 1.041 −0.006
value was associated with the 9th PLS factor, the optimal PLS
model included 9 PLS factors for predicting soybean oil content.
The RMSEV values increased with each additional PLS factor above
the 9th PLS factor, suggesting the use of more than 9 PLS factors
would over-ﬁt the Raman data
Fig. 7 illustrates the agreement of the measured oil content of
soybean samples with the predicted oil content in the same samples
using the optimal model. The distribution of the prediction data is
similar to that of the calibration data. The variation of the oil content
predicted by the model was  slightly higher than that of the protein
content prediction model.
4. Conclusions
In this study, a conventional dispersive Raman spectroscopy
and suggested optimal PLS model have been successfully used to
predict the protein and oil content of soybeans. Modiﬁcation of
Raman spectra by removing the ﬂuorescence background signal
produced better PLS models compared to the direct use of the raw
Raman spectra. With modiﬁed Raman data, the optimal PLS model
was developed with the effective wavenumber regions selected by
iPLS algorithm, and reported better predictability than the model
including the entire wavenumber range. The R2p and SEP were 0.916
and 0.636%, respectively, for the protein prediction model con-
structed using SNV-preprocessed data. The R2p and SEP were 0.872
and 0.759%, respectively, for the oil prediction model constructed
using MSC-preprocessed data. The PLS result for the prediction of
protein content was  slightly better than that for the prediction of
oil content. The Raman-based PLS results in this study were slightly
lower than those previously reported for NIR by others. However,
NIR techniques are highly susceptible to moisture contents and
conventional Raman techniques can be used to predict both minor
and major constituents of various crop grains with minimal water
interference. Moreover, Raman technique has a potential to detect
for trace of contamination on and classify origin for agro-products
[27]. Future work will evaluate to determinate minor component
in crops such as vitamin and inorganic component.
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